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Available online 24 November 2017Understanding the hydrological response of a watershed to land use/land cover (LULC) changes is imperative for
water resources management planning. The objective of this study was to analyze the hydrological impacts of
LULC changes in the Andassa watershed for a period of 1985–2015 and to predict the LULC change impact on the
hydrological status in year 2045. The hybrid land use classification technique for classifying Landsat images
(1985, 2000 and 2015); Cellular-Automata Markov (CA-Markov) for prediction of the 2030 and 2045 LULC states;
the Soil and Water Assessment Tool (SWAT) for hydrological modeling were employed in the analyses. In order
to isolate the impacts of LULC changes, the LULCmaps were used independently while keeping the other SWAT in-
puts constant. The contribution of each of the LULC classes was examined with the Partial Least Squares Regression
(PLSR) model. The results showed that there was a continuous expansion of cultivated land and built-up area, and
withdrawing of forest, shrubland and grassland during the 1985–2015 periods, which are expected to continue in
the 2030 and 2045 periods. The LULC changes, which had occurred during the period of 1985 to 2015, had increased
the annual flow (2.2%), wet seasonal flow (4.6%), surface runoff (9.3%) and water yield (2.4%). Conversely, the ob-
served changes had reduced dry season flow (2.8%), lateral flow (5.7%), groundwater flow (7.8%) and ET (0.3%).
The 2030 and 2045 LULC states are expected to further increase the annual and wet season flow, surface runoff
andwater yield, and reducedry seasonflow, groundwaterflow, lateralflowandET. The change inhydrological com-
ponents is a direct result of the significant transition from the vegetation to non-vegetation cover in the watershed.
This suggests an urgent need to regulate the LULC in order to maintain the hydrological balance.
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(Woldeamlak, 2002) because of its diverse environmental impacts (Fu
et al., 2000; Gete and Hurni, 2001; Woldeamlak, 2002; Lambin et al.,
2003; Hurni et al., 2005). Globally, expansions of cropland and pasture
land at the cost of forest, natural grassland and savannas were observed
during the period of 1770–1990 and 1700–1990, respectively (Lambin
et al., 2003). However, the direction of LULC change was not uniform
across the world. In temperate region, forested areas are increasing by
almost 3 x 106 ha/yr, while the tropical forests are decreasing by
12 x 106 ha/yr (MEA, 2005). LULC change is also one of the fundamental
environmental problems in Ethiopia (Kebrom and Hedlund, 2000; Gete
and Hurni, 2001; Gessesse and Kleman; 2007; Abate, 2011; Ebrahim
and Mohamed, 2017). There was a rapid expansion of cultivated land
at the expense of forest lands mostly in the highlands of the country
(Gete and Hurni, 2001; Solomon et al., 2010; Rientjes et al., 2011;
Gebremicael et al., 2013; Temesgen et al., 2014; Ebrahim and
Mohamed, 2017). In the northern highlands of Ethiopia, there are few
remnant forests, which are found in sacred and inaccessible places
(Bongers et al., 2006), and cultivation is stretched to the steepest areas
where access is naturally restricted (Gete and Hurni, 2001).
LULC changes are important driving forces of environmental chang-
es across all spatial and temporal scales. LULC change contributes signif-
icantly to earth atmosphere interactions, forest fragmentations and
biodiversity losses (Fu et al., 2000). It is also one of the factors contribut-
ing to climate change (Lambin et al., 2003). Climate change, in reverse,
drives LULC change though its effect is felt after an extended period of
time (Woldeamlak, 2002). Furthermore, LULC change is also responsi-
ble for altering the hydrological response of watersheds (Hurni et al.,
2005; Girmay et al., 2009; Setegn et al., 2009; Sriwongsitanon and
Taesombat, 2011; Gebremicael et al., 2013; Neupane and Kumar,
2015). Several studies have reported the impacts of LULC changes on
streamflow (Rientjes et al., 2011; Getachew and Melesse, 2012;
Gebremicael et al., 2013; Gwate et al., 2015; Kidane and Bogale, 2017).
For example, the conversion of forest to agriculture between 1985 and
2011 periods in Angereb watershed, Ethiopia has increased the mean
wet flow by 39% and decreased the dry average flow by 46%
(Getachew and Melesse, 2012). The increased streamflow in Quaterna-
ry Catchment, South Africa during the 2004 and 2013 periods was also
observed due to the expansion of cultivated land (92%) and the decrease
of wooded land (35%) and grasslands (9.8%) (Gwate et al., 2015). The
increase of wet season flow (peak flow) and reduction of dry season
flow (baseflow) at El Diem station of Blue Nile Basin during 1970–
2010 were also attributed to the conversion of vegetation covers into
agriculture and grasslands over large areas of the basin (Gebremicael
et al., 2013). Changes in farmland, forest and urban areas in upper Du
watershed, China between 1978 and 2007 were also affected
streamflow (Yan et al., 2013). Other studies in Chemoga watershed
(Woldeamlak and Sterk, 2005), Upper Gilgel Abbay catchment
(Rientjes et al., 2011) and Gedeb catchment (Koch et al., 2012;
Tekleab et al., 2013), have also reported considerable effects of LULC
changes on streamflow.
It is also evident that surface runoff is lower and groundwaterflow is
higher in vegetative lands due to the greater infiltration of rainfall into
the shallow and deep aquifer. In bare lands, where vegetation is absent,
surface runoff is higher and groundwater flow is lower (Woldeamlak
and Sterk, 2005; Gyamfi et al., 2016). An example of this phenomenon
is the study in Comet catchment of Australiawhere the clearing of forest
vegetation from 83% to 38% increased the runoff by approximately 40%
(Siriwardena et al., 2006). Similarly, increasing of surface runoff and re-
duction of groundwater flows were also reported in Olifants basin,
South Africa between 2000 and 2013 due to the expansion of cultivated
lands and urban areas at the expense of rangelands (Gyamfi et al.,
2016). Other studies have also reported the increase of surface runoff
due to the expansion of cultivated lands and reduction of vegetativecovers (Nie et al. (2011) in the upper San Pedro watershed, Mexico;
Karamage et al. (2017) in Rwanda; Tekalegn et al. (2017) in Lake Tana
catchment and Beles watershed, Ethiopia).
The study area (Andassa watershed) is a part of the northwestern
Ethiopian highlands. It is known to be one of the most productive
areas in the country and it is the head stream of the Blue Nile River.
However, the watershed suffers from human-induced resource degra-
dation mainly due to agricultural expansion and generally unregulated
LULC change. The impacts of such changes on the hydrology are poorly
understood. Hence, thorough analyses and understanding of impacts of
LULC changes on the hydrology is critically important for planning the
management of water resources in particular and the entire watershed
in general. Because of its strategic importance to maintain a continuous
of flowofwater to the BlueNile River; one of themajor tributaries of the
transnational Nile River, the findings of this study from the Andasa wa-
tershed will be of value not only for the management of the land re-
sources in the watershed but also for the management of soil erosion
and sedimentation as well as maintaining a constant water flow to the
larger Nile Basin within and beyond the national boundary. The main
aim of the study is, therefore, capturing the hydrological impacts of
the past and future LULC changes in the watershed and translating the
results into a management decision in order to overcome the negative
consequences of such changes on the hydrological balance of the
Andassa watershed as well as the broader upper Blue Nile Basin.
2. Materials and methods
2.1. Description of the study watershed
The Andassa watershed is part of the headstream areas of the Blue
Nile River and it is located at about 560 km northwest of Addis Ababa
and in a close proximity to Bahir Dar, which is the regional capital. Geo-
graphically, it is found between 11°08′–11°32′ N and 37°16′–37°32′ E
(Fig. 1). The watershed with a surface area of 58,760 ha is situated in
three administrative districts or ‘Woredas’, vis, Bahir Dar Zuria, Mecha
and Yilmana Densa. The topography of the Andassa watershed is hilly
with elevation ranging from 1701 m to 3216 m a.s.l. Its agro-climate is
remarkably dominated by sub-tropical climate (85.2%)with a small seg-
ment of temperate climate (14.8%). According to the data obtained from
theGIS department of EthiopianMinistry ofWater and Energy (EMWE),
the watershed geology is characterized by Alluvium, Ashangi basalts,
basalts related to volcanic center and Termaber basalts. Andassa River,
which traverses the watershed, is the major river within the watershed
and is also a tributary to the Blue Nile River. Agriculture is the predom-
inant economic activity in the watershed and the main source of
livelihood.
2.2. Land use/land cover change assessment
Assessments of LULC were undertaken using three Landsat images;
Landsat-5 TM 1985, Landsat-7 ETM+ 2000 and Landsat-8 OLI_TIRS
2015. The images with 30 m resolution and cloud cover of 0 were col-
lected from U.S Geological Survey (USGS) Center for Earth Resources
Observation and Science (EROS) (https://earthexplorer.usgs.gov/).The
hybrid classification technique (Teferi et al., 2010; Solomon et al.,
2014), which involves unsupervised classification followed by super-
vised classification technique, was employed in classifying the images.
Unsupervised classifications were carried out using Iterative Self-Orga-
nizing Data Analysis (ISODATA) clustering algorithm (Boakye et al.,
2008; Teferi et al., 2010) while supervised classifications were under-
taken with Maximum Likelihood Classification (MLC) algorithm
(Solomon et al., 2014; Temesgen et al., 2014) by collecting 450 ground
truth samples from the five LULC classes (75 GPS points in each LULC).
The LULC classes were cultivated land, forest, shrubland, grassland and
built-up area. In classifying the 1985 and 2000 images, reference data
from Google Earth images of the corresponding time periods were
Fig. 1. Location of the study area, and meteorological and hydro-gauging stations in the Andassa watershed.
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with local elders were also undertaken. Accuracy assessment was
employed with reference to the corresponding Google Earth images
(i.e. 05 February, 1985; 21 February, 2000 and 28 February, 2015, re-
spectively) to illustrate the representativeness of the classified images
on the ground. ERDAS 2014 was used for image classifications purpose
and ArcGIS 10.3 for mapping purposes.
2.3. Land use/land cover prediction
Cellular Automata-Markov (CA-Markov) model was used to predict
the 2030 and 2045 LULC status. CA-Markov available in IDRISI 17.0 is a
robust model that predicts the trend and the spatial structure ofdifferent LULC categories (Arsanjani et al., 2011; Wang et al., 2012; Li
et al., 2015) based on historical LULC image, transition probability ma-
trix and suitability images as a group file (Clark Labs, 2012; Eastman,
2012). This model is also widely applied in many countries (Wang et
al., 2012; Omar et al., 2014; Singh et al., 2015; Mosammam et al.,
2016). CA-Markov projection relies on past trends; the model does
not take into account changes in the land-use policies during the projec-
tion period. The study employed the 2015 classified map as basis LULC
image, and the 2000 and 2015 maps for assembly transition probability
matrix. CA-Markov considers factors and constraints for preparing a sin-
gle suitabilitymaps (Clark Labs, 2012; Eastman, 2012; Omar et al., 2014;
Singh et al., 2015). Factors are criterions that indicate the relative suit-
ability of areas under consideration while constraints are criterions
1397T. Gashaw et al. / Science of the Total Environment 619–620 (2018) 1394–1408which limit the alternatives under consideration (Clark Labs, 2012;
Eastman, 2012). The factors and constraints considered in this study
were distance to river, distance to town, distance to road, proximate
to developed area, suitable areas for conversion to each class, elevation
and slope. River and road data were obtained from the GIS department
of EMWE while data such as distance to town, proximate to developed
area and suitable areas for conversion to each class were derived from
the classified maps. Elevations and slopes were generated from 30 m
resolution of ASTER Global Digital Elevation Model (ASTER GDEM),
which was obtained from Aster Global Digital Elevation Map (http://
gdex.cr.usgs.gov/gdex/). A set of relative weights for a group of factors
were assigned through in-depth focus group discussions with agricul-
tural development agents and local elders, and an acceptable consisten-
cy ratio were obtained (see Temesgen et al. (2017) for detail). The
factors and constraint were integrated using a Multi-Criteria Evaluation
(MCE) decision support system with Weighted Liner Combination
(WLE) fuzzy membership function to produce a single suitability map
for each class. The considered factors and constraint and the preparedFig. 2. Soil types of the Asuitability maps for each LULC class are found in the Appendix. The de-
tail discussions about the procedures followed in the prediction of LULC
states is available in Temesgen et al. (2017).
The model was validated by simulating the 2015 LULC state using
the 1985 and 2000 classified images. Then, the agreements of the simu-
lated and the classified 2015 LULCmaps were compared using the “Rel-
ative Operating Characteristic (ROC)” (Pontius and Schneider, 2001)
and Kappa indexes (Mosammam et al., 2016) such as Kappa for no in-
formation (Kno), Kappa for location (Klocation), Kappa for stratum-
level location (KlocationStrata) and Kappa for standard (Kstandard)
(Clark Labs, 2012; Omar et al., 2014; Mosammam et al., 2016).
2.4. Land use/land cover change analysis
Change analysis was carried out using the classified (1985, 2000 and
215) and the predicted LULC (2030 and 2045) states to demonstrate the
pattern of LULC changes. To elucidate the extent of changes experienced
between the subsequent periods (1985–2000, 2000–2015, 2015–2030ndassa watershed.
Table 1




1 CN2.mgt SCS runoff curve number
2 SURLAG.bsn Surface runoff lag time
3 OV_N.hru Manning's “n” value for overland flow
4 ALPHA_BF.gw Baseflow alpha factor (days)
5 GW_DELAY.gw Groundwater delay (days)
6 GWQMN.gw Threshold depth of water in the shallow aquifer required
for return flow to occur (mm)
7 GW_REVAP.gw Groundwater “revap” coefficient
8 REVAPMN.gw Threshold depth of water in the shallow aquifer for “revap”
to occur (mm)
9 RCHRG_DP.gw Deep aquifer percolation fraction
10 ESCO.hru Soil evaporation compensation factor
11 EPCO.hru Plant uptake compensation factor
12 CANMX.hru Maximum canopy storage
13 SL_SUBBSN.hru Average slope length
14 HRU_SLP.hru Average slope steepness
15 CH_N2.rte Manning's “n” value for the main channel
16 CH_K2.rte Effective hydraulic conductivity in main channel alluvium
17 SOL_AWC.sol Available water capacity of the soil layer
18 SOL_K.sol Saturated hydraulic conductivity
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Fig. 3.Meanmonthly rainfall and temperature (1990–2011) characteristics of the stations
in the Andassa watershed.
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rate of change (Abate, 2011; Temesgen et al., 2014) were computed
using Eqs. (1) and (2), respectively.








where X is area of LULC (ha) in time 2, Y is area of LULC (ha) in time
1, Z is Time interval between X and Y in years.
2.5. SWAT model inputs and analysis
2.5.1. SWAT model
The Soil and Water Assessment Tool (SWAT) is a physically based
model developed in 1990s. It was designed to predict the impact of
land management practices on water, sediment and agricultural chem-
ical yields in large complex watersheds with varying conditions over
long periods of time (Arnold et al., 1998; Neitsch et al., 2002; Setegn
et al., 2008;Neitsch et al., 2011, Arnold et al., 2012b). Themodel predicts
the impacts at the sub basin (subwatershed) or further at theHydrolog-
ic Response Units (HRUs) (Githui et al., 2009; Tibebe and Bewket, 2011;
Ghoraba, 2015). HRUs are portion areas within the sub-basin that are
comprised of unique land cover, soil and slope combinations (Setegn
et al., 2008; Arnold et al., 2011; Arnold et al., 2012b; Kushwaha and
Jain, 2013). Categorizing sub-basins into HRUs increases accuracy and
provides a much better physical description. The predicted values
from each HRU are routed to obtain the total value for the watershed
(Neitsch et al., 2002; Githui et al., 2009; Arnold et al., 2011). SWAT re-
quires diverse information to setup and run themodel. Specific informa-
tion required for SWAT includes weather, hydrology, soil, topography
and land use data (Neitsch et al., 2002; Githui et al., 2009; Yan et al.,
2013). SWAT can model the physical process associated with water
movement, sediment movement, crop growth, nutrient cycling etc.
(Neitsch et al., 2002; Easton et al., 2010).
SWAT simulates the land phase of the hydrological cycle based on
the water balance equation (Arnold et al., 1998) as shown in Eq. (3).





where SWt is the final soil water content (mm); SWo, Rday, Qsur, Ea,Wseep
and Qgw are the initial soil water content, the amount of precipitation,
the amount of surface runoff, the amount of evapo-transpiration, the
amount of water entering the vadose zone from the soil profile and
the amount of return flow on day i (mm), respectively; and t is the
time (days).
Runoff in SWAT can be estimated either with the Soil Conservation
Service (SCS) curve number (CN) method (USDA-SCS, 1972) or the
Green and Ampt infiltration method (Green and Ampt, 1911). The SCS
CN method was employed in this study. It is computationally efficient
and the most popular method, which predicts runoff with a given rain-
fall event (Tibebe and Bewket, 2011; Ghoraba, 2015) mainly based on
land use, soil properties and hydrologic conditions (Ghoraba, 2015).
The SCS CN method computes runoff using Eq. (4) (Setegn et al.,






where Qsurf is the daily surface runoff (mm), Rday is the rainfall depth for
the day (mm), and S is the retention parameter (mm). The retentionparameter (S) (Setegn et al., 2008; Tibebe and Bewket, 2011; Ghoraba,
2015) is given in Eq. (5).





where S is drainable volume of soil water per unit area of saturated
thickness (mm/day), CN is curve number
SWATworks in different GIS interfaces such as in AVSWAT (ArcView
interface) (Tibebe and Bewket, 2011), ArcSWAT (ArcGIS interface)
(Setegn et al., 2008; Getachew and Melesse, 2012; Kushwaha and Jain,
2013; Ghoraba, 2015; Huang and Lo, 2015; Begou et al., 2016) and
QSWAT (Quantum GIS interface) (Dila et al., 2016). ArcSWAT2012
was employed in this study. The model has continuously expanded its
capabilities throughout the years. The most significant improvement
of the model since its release was made through the different stages of
SWAT review. These were SWAT94.2, SWAT96.2, SWAT98.1,
SWAT99.2, SWAT2000, SWAT2009 (Neitsch et al., 2011) and
SWAT2012. The improvement of capabilities taken place in each stage
of SWAT review is detailed in Neitsch et al. (2011). Further reading
Fig. 4. Area of LULC (%) in the Andassa watershed through 1985 to 2045 periods.
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and the online resources at http://swat-model.tamu.edu/.
2.5.2. Data inputs
Spatial data such as DEM, LULC and soil, and temporal data such as
climate and streamflow, which are required for SWAT as inputs, were
secured as detailed below.Fig. 5. LULC coverage in the Andassa watershed from2.5.2.1. Digital elevation model (DEM). DEM were the first inputs of the
SWAT model. The type of DEM used for the SWAT model in this study
was ASTER GDEM. The ASTER GDEM was used for flow direction and
flowaccumulation calculation, drainage network generation,watershed
delineation, sub basin definition and HRUs setup. The topographic pa-
rameters of the studied watershed such as terrain slope, channel slope
or reach length were also derived from ASTER GDEM. Based on the to-
pographic characteristics, the SWATmodel had identified 13 sub basins
in the studied watershed. The DEM and drainage networks of the stud-
ied watershed are shown in Fig. 1.2.5.2.2. Land use/land cover. LULC maps were important component of
the SWAT model. Therefore, the classified (1985, 2000 and 2015) and
the predicted LULC (2030 and 2045) maps were used independently
to uncover thehydrological impacts of LULC changes in the studywater-
shed. The SWATmodel requires a conversion of the LULC types into the
four digits of the SWAT code. The SWAT codes given for cultivated land,
forest, shrubland, grassland and built-up area were AGRC (Agricultural
Land-Close-grown), FRST (Forest-Mixed), RNGB (Range-Brush), RNGE
(Range-Grasses) and URBN (Residential), respectively. The detail de-
scriptions of the five LULC types can be found in Temesgen et al. (2017).1985 to 2045 periods (Temesgen et al., 2017).
Table 2
Accuracy assessment of the 1985, 2000 and 2015 classified images.
Reference from Google earth












CULT 152 1 2 17 2 174 87.4
FRST 1 81 12 0 0 94 86.2
SHRB 2 7 97 0 1 107 90.7
GRAS 11 0 2 63 0 76 82.9
BULT 3 0 0 2 24 29 82.8
Column
total
169 89 113 82 27 480
Prod.
acc. (%)
89.9 91 85.8 76.8 88.9
Kappa coefficient= 0.83 Overall accuracy=86.9%
Reference from Google earth












CULT 158 4 7 6 7 182 86.8
FRST 3 67 6 1 0 77 87
SHRB 6 3 89 5 0 103 86.4
GRAS 11 0 0 61 2 74 82.4
BULT 5 0 0 2 37 44 84.1
Column
total
183 74 102 75 46 480
Prod.
acc. (%)
86.3 90.5 87.3 81.3 80.4
Kappa coefficient= 0.81 Overall accuracy=85.8%
Reference from Google earth












CULT 176 0 8 10 3 197 89.3
FRST 0 54 2 0 0 56 96.4
SHRB 0 5 87 2 0 94 92.6
GRAS 6 0 5 60 2 73 82.2
BULT 8 0 0 3 49 60 81.7
Column
total
190 59 102 75 54 480
Prod.
acc. (%)
92.6 91.5 85.3 80 90.7
Kappa coefficient= 0.85 Overall accuracy=88.8%
Note: CULT, FRST, SHRB, GRAS, BULT are cultivated land, forest, shrubland, grassland andbuilt-
up area, respectively; Prod. acc. and User acc. are producer and user accuracy, respectively.
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tershed such as texture, available water content, hydraulic conductivity,
bulk density and organic carbon content for different layers of each soil
type are determining factors of runoff. According to FAO classification,
there are 7 soil types in the study watershed. They are Haplic Alisols
(49.6%), Eutric Leptosols (22.8%), Chromic Luvisols (10.8%), Haplic
Nitisols (9%), Eutric Vertisols (7.1%), Eutric Regosols (0.6%) and Lithic
Leptosols (0.2%) (Fig. 2). To account the soil properties in the model, a
soil mapwas obtained from the hydrology department of EMWE. Relat-
ed soil properties were also obtained from the Amhara National Region-
al State Bureau of Finance and Economic Development (ANRS BoFED).
To integrate the soil mapwith the SWATmodel, a soil database contain-
ing physical and chemical properties of soils was prepared for each soil
layer and added to the SWAT soil databases.
2.5.2.4. Climate. SWAT requires long term daily climate data. Therefore,
daily climate data for the periods 1990–2011 were collected from
Bahir Dar (11. 6027°N, 37.322°E, 1827 m a.s.l), Adet (11.2745°N,
37.4931°E, 2179 m a.s.l) and Meshenti (11.47165°N, 37.2854°E,
1958 m a.s.l) meteorological stations, which were obtained from the
Ethiopian National Meteorological Agency. The Meshenti station is
within the watershed and only contains precipitation data. However,
Bahir Dar and Adet stations contain all other climate variables such as
precipitation, temperature (minimum and maximum), solar radiation,
relative humidity and wind speed, and they are in the proximity of the
watershed (Fig. 1). Dew points required for SWAT were then calculated
for Bahir Dar and Adet stations using precipitation and temperature
(minimum and maximum) data. Finally, the collected data were
added into the SWAT weather database table. The mean monthly rain-
fall and temperature (1990–2011) characteristics of the stations are
shown in Fig. 3.
2.5.2.5. Streamflow. The streamflow data, which was collected at the out
let of the watershed (Fig. 1) for the periods 1990 to 2011, were used for
calibration and validation of the SWAT model. The data was obtained
from the hydrology department of EMWE.
2.5.3. Sensitivity analysis
Sensitivity analysis is a method of identifying the most important
parameters for calibration and validation of SWAT model (Moriasi et
al., 2007; Arnold et al., 2012a; Tang et al., 2012). To identify themost im-
portant SWAT parameters, 19 flow parameters (Table 1) were selected
from literature (Tang et al., 2012; Gebremicael et al., 2013; Dila et al.,
2016; Gyamfi et al., 2016; Khalid et al., 2016; Tekalegn et al., 2017).
For this purpose, global sensitivity analysis (Abbaspour, 2013; Begou
et al., 2016; Khalid et al., 2016), which allows changing each parameter
at a time (Arnold et al., 2012a), was employed in SWAT-CUP 2012 ver-
sion 5.1.4. Indices such as t-Stat and p-value were used to provide a
measure and significance of sensitivity, respectively (Abbaspour,Fig. 6. Rate of LULC changes (ha/yr) from 1985 to 2045 periods in the Andassa watershed.2013; Narsimlu et al., 2015; Begou et al., 2016; Khalid et al., 2016).
Hence, higher t-test in absolute values measures high sensitivity while
a p-value of 0 is more significant (Abbaspour, 2013; Narsimlu et al.,
2015; Khalid et al., 2016).
2.5.4. Calibration and validation
Model calibration is a procedure of altering or adjusting model pa-
rameters, within the recommended ranges, based on observed data toTable 3
Sensitive flow parameters and their rank.








V_ALPHA_BF.gw 11.53 0.00 1 0.429 0.234 0.769
R_CN2.mgta 2.92 0.00 2 −0.133 −0.185 −0.013
V_CH_K2.rte 2.25 0.02 3 106.4 63.7 128.4
V_GW_DELAY.gw 1.90 0.06 4 325.9 247.1 413.6
V_GWQMN.gw 1.50 0.13 5 2490.1 1852.6 3294.4
V_RCHRG_DP.gw 1.49 0.14 6 0.439 0.416 0.544
V_GW_REVAP.gw 1.16 0.25 7 0.017 0.005 0.035
V_ESCO.hru 0.77 0.44 8 0.907 0.882 0.948
Note: V implies replace the parameter with the fitted value; R indicate multiply the pa-
rameter with fitted value.
a Indicates adding 1 on the fitted value.
Fig. 7.Monthly average flow in the calibration (a) and validation (b) of the SWATmodel.
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2012a; Vilaysane et al., 2015). On the other hand, validation is the pro-
cess of checking the representation of the parameters by simulating the
observed data with an independent data set without adjusting model
parameters (Lijalem et al., 2007; Arnold et al., 2012a; Vilaysane et al.,
2015). Therefore, in this study, calibration and validation were carried
out using 22 years (1990–2011) of daily observed flow data. The data
was divided into warm-up (1990–1991), calibration (1992–2006) andFig. 8. Scatter plot of the observed (measured) and simulated monthly avevalidation (2007–2011) periods. For a better parameterization of the
SWAT model and to reduce the model output uncertainty, we have
used a longer calibration period with a LULC data input within the cali-
bration period (2000). Calibration and validation were carried out in
SWAT-CUP 2012 version 5.1.4 using Sequential Uncertainty Fitting
(SUFI-2) algorithm, based on the SWAT-CUP user manual (Abbaspour,
2013). SUFI-2 is a semi-automated calibration and uncertainty analysis
algorithm (Zhou et al., 2014) that accounts for all sources of uncertainty,
including uncertainty in the driving variables (e.g. rainfall), conceptual
model, parameters and measured data (Tang et al., 2012; Zhou et al.,
2014; Vilaysane et al., 2015). SUFI-2 is the most popular calibration
and uncertainty analysis program and, has been used in many studies
such as by Setegn et al. (2008) in the Lake Tana basin; Tang et al.
(2012) in Chao river basin, China; Zhou et al. (2014) in Lake Dianchi
basin, China; Narsimlu et al. (2015) in Kunwari river basin, India; Dila
et al. (2016) in Gumera watershed, Ethiopia.
2.5.5. Model performance indices
There are various indices, which are available to check the perfor-
mance of SWAT model. In this study, Nash–Sutcliffe Efficiency (NSE),
Percent Bias (PBIAS) and Root Mean Square Error (RMSE)-observations
standard deviation ratio (RSR) were used for evaluating the perfor-
mance of the SWAT model as recommended by Moriasi et al. (2007).
In addition to these indices, Coefficient of Determination (R2), a mea-
sure of consistency of simulated and observed data, was also considered
in evaluating the model. Therefore, the value of R2 varies in between 0
and 1, where higher values indicate less error variance (Moriasi et al.,
2007; Zhou et al., 2014; Ghoraba, 2015). NSE is a normalized statistics
that determine the relative magnitude of the residual variance com-
pared to the measured data variance. The values of NSE ranges from
−∞ to 1; in which higher value indicates the good performance of the
model (Moriasi et al., 2007; Begou et al., 2016; Dila et al., 2016). PBIAS
measures the estimation bias of the model. Positive and negative
PBIAS indicated the underestimation and overestimation, respectively
while low-magnitude values indicate better model simulations. The op-
timal value of PBIAS is 0 (Moriasi et al., 2007; Zhou et al., 2014; Begou et
al., 2016; Gyamfi et al., 2016). RSR is the other commonly used error
index statistics. RSR standardizes the RMSE using the observation stan-
dard deviations. The value of RSR ranges between 0 and a large positive
number. The lower the RSR value is, the better the model simulation
performance (Moriasi et al., 2007). The computation of R2 is based on
the formula available in Begou et al. (2016) and Tekalegn et al. (2017)
while NSE, PBIAS (Moriasi et al., 2007; Tekalegn et al., 2017) and RSRrage flow (m3/s) in the calibration (left) and validation (right) period.
Table 4
Model performance statistics for the calibration and validation periods.
Period Evaluation statistics
R2 NSE PBIAS RSR
Calibration 0.86 0.86 4.8 0.05
Validation 0.91 0.91 1.4 0.01
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where n is the total number of observations, Yiobs and Yisim are the ob-
served and the simulated value, respectively, Ymean is the mean of the
observed data and STDobs is the standard deviation of the observed data.
2.5.6. Exploring the hydrological impacts of land use/land cover changes
Understanding the catchment response to LULC changes are impor-
tant for water resourcesmanagementmeasures (Nie et al., 2011; Yan et
al., 2013; Huang and Lo, 2015; Gyamfi et al., 2016). To this effect, the
classified (1985, 2000 and 2015) and the predicted (2030 and 2045)
LULCmapswere used to uncover the hydrologic impacts of LULC chang-
es. The LULC maps were used separately while all other SWAT inputs
were similar. A “fixing-changing method”, meaning changing LULC
maps keeping other inputs constant, was also employed by other stud-
ies such as by Nie et al. (2011) in the upper San Pedro watershed, Mex-
ico; Yan et al. (2013) in Upper Du watershed, China; Huang and Lo
(2015) in Yang Ming Shan National Park, Taiwan; Gyamfi et al. (2016)
in Olifants basin, South Africa and Tekalegn et al. (2017) in Tana and
Belese watersheds. The obtained hydrological components (e.g. annual
flow, wet season flow, dry season flow, surface runoff, lateral flow,
groundwater flow, water yield and ET) on annual and monthly average
basis were, then compared. On the other hand, to assess the relationTable 5
Annual average hydrological components (1992-2011) during the different LULC periods in th
Streamflow (m3/s)
Study periods Annual Wet (June-September) Dry season (Oct-May)
1985 300.6 203.2 97.4
2000 304.5 208.5 96.0
2015 307.3 212.6 94.7
2030 312.4 219.2 93.2
2045 318.2 227.0 91.2
Percent changes (%)
1985-2000 1.3 2.6 -1.4
2000-2015 0.9 2.0 -1.4
1985-2015 2.2 4.6 -2.8
2015-2030 1.7 3.1 -1.6
2030-2045 1.9 3.6 -2.1
Note: ET=Evaporation and transpiration.between changes in LULC classes and hydrological components, pair-
wise Pearson correlation (Nie et al., 2011; Yan et al., 2013; Tekalegn et
al., 2017)were chosen and computed. Additionally, thehydrological im-
pacts of individual LULC changes were explored using Partial Least
Squares Regression (PLSR) model, which was done following the corre-
lation analysis.
PLSR is an extension of multivariate analysis (Eq. 9), which general-
izes and combines features fromprincipal component analysis andmul-
tiple regressions (Abdi, 2007). PLSR predicts a set of dependent
variable(s) from a set of independent variables (Wold et al., 2001;
Abdi, 2007, 2010; Carrascal et al., 2009; Abdi et al., 2014). This predic-
tion is achieved by extracting a set of latent factors (also named latent
variables) that have the best predictive power (Abdi, 2007; Carrascal
et al., 2009). PLSR is very useful under the following conditions: 1)
when the numbers of predictors are similar or higher than observations,
2) for highly correlated predictors, 3) for a large number of predictors,
and 4) for several response variables and many predictors (Wold et
al., 2001; Carrascal et al., 2009; SAS Institute Inc., 2017). The presence
of collinearity, a problem that exists due to a close relationship of inde-
pendent variables, affects the predictive power of the dependent vari-
ables when one employs the ordinary multivariate analysis (Abdi,
2007; SAS Institute Inc., 2017). In this study, multicollinearity test of
the independent variables (predictors) were employed, considering
Tolerance and Variance Inflation Factor (VIF), and the result (not
shown here) revealed the co-liner characteristics of the data. Obviously,
VIF values above 10 and tolerance nearing to 0 indicate the presence of
collinearity. Hence, for data showing collinearity like the case in the
studiedwatershed, PLSRmodel is useful in exploring the individual var-
iables' impacts (Abdi, 2007, 2010; Carrascal et al., 2009; Abdi et al.,
2014; Godoy et al., 2014). PLSR model, though it was developed in
areas of chemometrics, was also used in various environmental studies
such as by Shi et al. (2013); Fang et al. (2015) and Tekalegn et al. (2017).
The basic PLSR algorithm is not provided here, but can be found inWold
et al. (2001), Abdi (2007, 2010), Carrascal et al. (2009), Abdi et al.
(2014) and Godoy et al. (2014).
y ¼ b0 þ b1x1 þ b2x2 þ b3x3 þ…þ bixi ð9Þ
where y is the response variable, b0 is the intercept, x is the indepen-
dents variables from 1 to i, and b is the coefficients of the x variables.
The robust advantages of PLSR model are in that it gives weight for
predictors by developing latent factors. Therefore, one can easily under-
stand the most influencing variables for a particular response (Abdi,
2007). The dependent variables used in PLSR in this study were annual
flow, wet season flow, dry season flow, surface runoff, lateral flow,
groundwater flow, water yield and ET while the independent variables
were the LULC classes. Considering their relationships, four PLSRmodels
were developed for annual, wet season and dry season streamflowe Andassa watershed.
Other hydrological components (mm)
Surface runoff Later flow Ground water flow Water yield ET
222.1 32.9 126.5 381.5 580.8
233.7 31.0 121.9 386.6 579.0
242.8 31.0 116.7 390.5 578.8
258.1 28.2 110.5 396.7 577.1
276.9 27.4 101.0 405.2 576.0
5.2 -5.9 -3.7 1.3 -0.3
3.9 0.2 -4.2 1.0 0.0
9.3 -5.7 -7.8 2.4 -0.3
6.3 -9.1 -5.4 1.6 -0.3
7.3 -2.9 -8.6 2.1 -0.2
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groundwater flow (PLSR 3) and ET (PLSR 4). To overcome the problem
of over fitting of the data, the appropriate number of predictors were
determined using R2 (goodness of fit), Q2 (goodness of prediction)
and Q2cum (cumulative goodness of prediction with a given number of
factors) (Shi et al., 2013; Yan et al., 2013; Tekalegn et al., 2017). Gener-
ally, a Q2cum above 0.5 exhibits a good predictive ability of the PLSR
model (Shi et al., 2013). In addition to these indices, Root Mean PRESS
(Predicted Residual Sumof Squares)was used to determine the number
of factors explaining the model (SAS Institute Inc., 2017). The “Statisti-
cally InspiredModification of PLS” (SIMPLS) algorithmas recommended
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Fig. 9.Monthly average (1992–2011) streamflow, surface runoff, lateral flow, groundwater flestimate the response parameters. The detail procedures about the cal-
culation R2, Q2 and Qcum are available in SAS Institute Inc. (2017), Shi et
al. (2013) and Yan et al. (2013). In PLSR, the Variable Importance for the
Projection (VIP) represents the importance of the predictor in deter-
mining the PLS projection for both predictor and responses (Cox and
Gaudard, 2013; Shi et al., 2013; SAS Institute Inc., 2017). Larger VIP
values express the high importance of the variable (Shi et al., 2013). In
general, a VIP value of 0.8 is considered as the minimum acceptable
value in the wider scientific community (SAS Institute Inc., 2017). The
regression coefficients in PLSRmodels were used to reveal the direction
of the relationships between changes in individual LULC class and hy-

































































1985 2000 2015 2030 2045
ow, water yield and ET response in the different LULC periods of the Andassa watershed.
Table 7






















0.985 0.919 1 98.5 98.5 0.275 0.919
2 1.1 99.6 0.334 0.990
3 0.1 99.7 0.431 0.998
4 0.3 100 0.431 0.999




0.996 0.989 1 97.9 97.9 0.311 0.903
2 1.7 99.6 0.305 0.989
3 0.2 99.8 0.402 0.998
4 0.2 100 0.402 0.999




0.953 0.867 1 95.3 95.3 0.393 0.867
2 1.3 96.6 0.627 0.987
3 2.3 98.9 0.856 0.997
4 1.1 100 0.856 0.999
5 0.0 100 0.856 0.999
ET 0.999 0.999 1 97.4 97.4 0.261 0.932
2 1.6 99.0 0.411 0.988
3 0.9 99.9 0.258 0.999
4 0.1 100 0.258 0.999
5 0.0 100 0.258 0.999
Note: The bold number indicated the number of factors required to fit the PLSR models;
the minimum Root Mean PRESS shows the number of predictors explain the model (SAS
Institute Inc, 2017).
Table 6
Pair-wise Pearson correlation for changes in five LULC types and hydrological components between the 1985 and 2045 periods.a Numbers in parenthesis are the probability values (p-
value).










































































































































































a Boldnumbers for p b 0.05, CULT: cultivated land; FRST: forest; SHRB: shrubland; GRAS: grassland; BULT: built-up area, STQ: streamflow; SURQ: surface runoff; LATQ: lateralflow;GW
Q: groundwater flow; WYLD: water yield; ET: evaporation and transpiration.
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Gaudard, 2013; SAS Institute Inc., 2017), the data was also checked
using the Shapiro–Wilk (S–W) (Shapiro and Wilk, 1965; Gyamfi et al.,
2016; Tekalegn et al., 2017) normality test, and the result revealed
that the data was from the normal distribution (Shapiro and Wilk,
1965) (see Appendix). PLSR was undertaken in JMP 13.2.0 while R sta-
tistical package version 3.3.2 (freely accessed fromhttp://cran.r-project.
org/) was employed for multicollinearity test of predictors and other
statistics.
3. Results and discussion
3.1. Land use/land cover changes
The LULC states of the Andassa watershed between 1985 and 2045
periods are shown in Fig. 4 and Fig. 5. During 1985–2015, significant
amount of LULC changes occurred in the watershed and, the changes
are expected to continue in 2030 and 2045 periods. For example, culti-
vated land increased from 62.7% in 1985, to 73.1% in 2000, to 76.8%
2015, and continued increasing to 83.3% in 2030 and to 85.8% in 2045
periods (Fig. 4). Correspondingly, the extent of built-up areas were in-
creased between 1985 and 2000 periods (0.1 to 0.2%), and the incre-
ment continued in 2015 (1.1%). It is expected to increase in the 2030
(2%) and 2045 (5.9%) periods (Fig. 4). The rapid percent change of
built-up area during 1985–2000 and 2000–2015 periodswere observed
in the direction of the regional capital city Bahir Dar. Focus group discus-
sions held with agricultural development agents are also consistent
with this trend. For the study periods, however, the annual expansion
rate (ha/yr) of cultivated land until 2030 is greater than built-up area
(Fig. 6). Conversely, areas covered by forest deceased from 3.5% in
1985, to 2.6% in 2000, to 1.9% in 2015, and are expected to decrease to
1.5% and 1.3% in 2030 and 2045 periods, respectively (Fig. 4). Similarly,
the extent of shrubland and grasslands were reduced throughout 1985,
2000 and 2015 periods, and expected to continue in 2030 and 2045 pe-
riods (Fig. 4). Though forest, shrubland and grassland experienced a re-
duction in converge throughout the study periods, the greatest
reduction rate (ha/yr) was observed in shrubland (Fig. 6), which indi-
cates that the expansion of cultivated land is utmost from shrubland.Population growth and reduction of land productivity are the drivers
of such changes.
The finding of this study is consistent with other studies carried out
by Kebrom andHedlund (2000) in Kalu District, Abate (2011) in Borena
Woreda, Rientjes et al. (2011) in Upper Gilgel Abbay catchment,
Gebremicael et al. (2013) in Blue Nile basin and Temesgen et al.
(2014) in Dera District, where cultivated land increased at the expense
of reduction in forest and shrubland. The expansion of cultivated land
and the shrinkage of forest were also reported by Gete and Hurni
(2001) in Dembecha area; Solomon et al. (2010) in Koga watershed;
Table 8
VIP values and PLSR weights of hydrological components in the Andassa watershed.
PLSR Predictors Annual, wet and dry STQ SUR Q and WYLD LAT Q and GW Q ET
VIP W⁎(1) VIP W⁎(1) W⁎(2) VIP W⁎(1) VIP W⁎(1) W⁎(2) W⁎(3)
CULT 0.994 +0.445 0.985 +0.443 −0.309 1.006 −0.450 1.019 −0.458 −0.821 +0.457
FRST 0.977 −0.437 0.970 −0.433 +0.458 0.979 +0.438 0.997 +0.446 −0.717 +1.127
SHRB 1.022 −0.457 1.012 −0.457 +0.073 1.032 +0.462 1.049 +0.466 +1.218 −1.066
GRAS 1.033 −0.462 1.025 −0.462 −0.076 1.025 +0.458 1.019 +0.453 −1.139 +0.991
BULT 0.973 +0.435 1.008 +0.442 +0.832 0.956 −0.428 0.910 −0.411 +0.209 +0.643
Note: The bold numbers are values greater than 0.3, the positive and negative signs indicate the sign of the loadings in PLSR model.
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(2017) in Geleda catchment. The increase of built-up area in this water-
shed study also coincides with other research findings in Ethiopia (such
as Gete and Hurni (2001) in Dembecha area; Belay (2002) in Derekolli
catchment; Getachew and Melesse (2012) in Angereb watershed) and
elsewhere (such as Gyamfi et al. (2016) in Olifants basin, South Africa
and Karamage et al. (2017) in Rwanda).3.2. Accuracy assessment and CA-Markov validation
The accuracy report of the three classified images is shown in Table
2. Overall accuracy of the classification ranges between 85.8% and 88.8%
for the period 1985, 2000 and 2015. A Kappa coefficient of above 0.80
was also obtained for the three classified images. According to
Monserud (1990), Kappa values between 0.70 and 0.85 are very good
indicators of the classified image. Therefore, the validation data set indi-
cated a very good agreement of the classified image with the ground
truths.
Validation of CA-Markov was performed, and a ROC value of 89.5%
was achieved. The Kappa statistics such as Kno (87.7%), Klocation
(82.2%), KlocationStrata (82.2%) and Kstandard (81.6%) were also
above 80%, which indicates the good performance of the model in sim-
ulating the 2030 and 2045 LULC status (Singh et al., 2015; Mosammam
et al., 2016). The detail discussions of CA-Markov validation are avail-
able in Temesgen et al. (2017).3.3. Sensitive SWAT parameters
Sensitivity analysis, whichwas carried out using 19 flow parameters
(Table 1), identified the 8 most sensitive parameters controlling the
output variable (Table 3). The three most sensitive parameters in the
order of sensitivity are ALPHA_BF.gw, CN2.mgt and CH_K2.rte.These pa-
rameters are highly related to surface runoff. Additionally, the parame-
ters ALPHA_BF.gw and CN2.mgt were also identified as the mostTable 9
PLSR coefficients showing the impacts of individual LULC types on hydrological compo-








Forest Shrubland Grassland Built-up
area
PLSR 1 Annual STQ +0.2036 −0.1999 −0.2092 −0.2114 +0.1992
Wet STQ +0.2039 −0.2003 −0.2096 −0.2118 +0.1995
Dry STQ −0.2046 +0.2010 +0.2103 +0.2125 −0.2002
PLSR 2 SUR Q +0.1301 −0.0912 −0.1918 −0.2291 +0.3963
WYLD +0.1254 −0.0844 −0.1907 −0.2302 +0.4086
PLSR 3 LAT Q −0.2010 +0.1956 +0.2062 +0.2047 −0.1911
GW Q −0.2051 +0.1997 +0.2104 +0.2089 −0.1950
PLSR 4 ET −0.5893 −0.2916 +0.8638 −0.4008 −0.2605
Note: The positive and negative signs revealed the position of influence.sensitive parameters in the region (Gebremicael et al., 2013; Dila et
al., 2016).
3.4. Calibration and validation
The graphical comparison of observed and simulated flow for the
calibration (1992–2006) and validation (2007–2011) periods are
shown in Fig. 7 and Fig. 8. The simulation has captured the observed
flow reasonably. Statistical performance indices are also shown in
Table 4. The obtained R2 (0.86 for calibration and 0.91 for validation)
values show very good consistency between the observed and simulat-
ed data, and indicates less error variance between the two data (Moriasi
et al., 2007; Begou et al., 2016; Gyamfi et al., 2016; Tekalegn et al., 2017).
NSE above 0.75, PBAIS b 10% and RSR b 0.5 were also attained. The pos-
itive values of PBAIS indicate the under estimation of themodel. Accord-
ing to Moriasi et al. (2007), the performance of the model is very good.
The overall performance indices during the validation period are higher
than the performance indices of calibration period, which suggests an
overall superior quality of data. Similar model efficiency improvements
in the validation period were also reported by Uhlenbrook et al. (2010)
and Nie et al. (2011). In general, the performance indices obtained dur-
ing the calibration and validation periods indicated a very good perfor-
mance rate of themodel in simulating the hydrological impacts of LULC
changes over the 1985 to 2045 periods.
3.5. Hydrological impacts of land use/land cover changes at the watershed
scale
The impacts of LULC changes on streamflow in the Andassa water-
shed are summarized in Table 5. Corresponding to the increase of culti-
vated land and built-up area and the reduction of forest, shrubland and
grassland (Fig. 4), the annual streamflow of the watershed has in-
creased from 300.6 mm in 1985 to 304.5 mm in 2000 and to
307.3 mm in 2015. The continued increase of cultivated land and
built-up area and extraction of vegetation covers (Fig. 4) are expected
to further increase the annual streamflow in the 2030 (312.4 mm)
and 2045 (318.2 mm) periods. A similar increment in response to the
LULC changes was also observed in the wet season flow (June–Septem-
ber) throughout the 1985 to 2045 periods (203.2 mm, 208.5 mm,
212.6 mm, 219.2 mm and 227 mm in 1985, 2000, 2015, 2030 and
2045, respectively). Conversely, the reduction of vegetation covers and
the increase of cultivated land and built-up area have reduced the dry
season flow over these periods (97.4 mm, 96 mm, 94.7 mm, 93.2 mm
and 91.2 mm in 1985, 2000, 2015, 2030 and 2045 LULC, respectively).
Thefinding of this study is consistentwith several studies. For exam-
ple, the increasing trend of annual, wet (June–September) and short
(March–May) rainy season streamflow and, the decreasing trend of
dry season flow (October–February) at El Diem station of Blue Nile
basin during the 1970–2010 periods were associated with the conver-
sion of vegetation cover into agriculture and grasslands over large
areas of the basin (Gebremicael et al., 2013). A study in Angereb water-
shed also revealed the increase of mean wet monthly flow (39%) and
decrease of dry average monthly flow (46%) due to the conversion of
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Melesse, 2012). The increase of streamflow in Quaternary Catchment,
South Africa during the 2004–2013 periods was also due to the in-
creased of cultivated land (92%) and the reduction of wooded land
(35%) and grasslands (9.8%) (Gwate et al., 2015). Similarly, the signifi-
cant decline of minimum daily flows in the Chemoga watershed during
the three driest months (December to February) between the 1960 and
1999 periods was partially explained by changes in LULC and degrada-
tion of the watershed that involves destruction of natural vegetative
covers, expansion of croplands, overgrazing and increased area under
eucalyptus plantations (Woldeamlak and Sterk, 2005). Likewise, the re-
duction of low flow index in the Upper Gilgel Abbay catchmentwas also
due to the expansion of agricultural land at the expense of forest lands
and changes in the annual and seasonal distribution of rainfall
(Rientjes et al., 2011). Koch et al. (2012) also indicated that the transi-
tion towards artificial land use in Gedeb catchment at the cost of the
natural landscape causes higher overland flows. In the same way,
Tekleab et al. (2013) also explained the situation in the same catchment
as enhanced peak discharge during the 1973–2010 periodswas typical-
ly associated with the LULC changes in the catchment.
The impacts of LULC changes on the annual average surface run-
off, lateral flow, groundwater flow, water yield and ET are provided
in Table 5. Correspondingly, the increase of cultivated land and
built-up area and the reduction of vegetation types of LULC (Fig. 4)
have resulted in a surface runoff increase from 221.1 mm in 1985
to 233.7 mm in 2000 and, to 242.8 mm in 2015. The increment in sur-
face runoff is also expected to continue into 2030 (258.1 mm) and
2045 (276.9 mm) LULC periods. Similarly, water yield has increased
throughout the 1985 to 2045 LULC periods (381.5 in 1985, 386.6 in
2000, 390.5 in 2015, 396.7 in 2030 and 405.2 in 2045). In contrast,
groundwater flow has reduced through the 1985 (126.5 mm), 2000
(121.9 mm), 2015 (116.7 mm), 2030 (110.5 mm), and 2045
(101 mm) periods. Similarly, lateral flow has reduced from
32.9 mm in 1985 to 31 mm in 2000 and, will continue its reduction
to 28.2 mm in 2030 and to 27.4 mm in 2045 LULC. The reduction of
ET has also been observed through 1985 to 2045 periods
(580.8 mm, 579 mm, 578.8 mm, 577.1 mm and 576 mm in 1985,
2000, 2015, 2030 and 2045, respectively), though the change is not
considerable (Table 5). The effects of LULC changes on streamflow,
surface runoff, water yield, groundwater flow and lateral flow are
clearly seen in both the annual and monthly average values. Con-
versely, the influence of LULC on ET is very small especially on the
monthly average values (Fig. 9). Over 1985 to 2045 periods, water
yield has increased from June to September, and shows a reduction
in the rest of the months (Fig. 9). The increase of water yield over
these periods is, therefore, due to the increase of water yield in the
four wet months (June–September). Hence, the reduction of water
yield in driest months (October–May) is attributed to the reduction
of flow in these months.
The findings of this study are consistent with various research
findings such as Gyamfi et al. (2016) in Olifants basin, South Africa
and Tekalegn et al. (2017) in Lake Tana catchment and Beles water-
shed, Ethiopia, where cultivated lands are increased at the expense
of vegetation covers, and where surface runoff is increased and
groundwater flow reduced. Nie et al. (2011) also reported that the
overall increase of surface runoff between the 1973 to 1997 periods
in the upper San Pedro watershed, Mexico was attributed to the in-
crease of urban, agriculture and woody mosquite, and the decrease
of grassland and desert scrub. The increment of surface runoff due
to the expansion of cultivated land and urbanization at the expense
of vegetation covers were also reported by Karamage et al. (2017)
in Rwanda. Due to the significant decrease of forest, shrubland and
grassland due to the cultivated land and built-up area, the decrease
of ET in the studied watershed is expected (although the change is
insignificant). Therefore, the result of this study is generally in agree-
ment with the fact that seasonal crops (here cultivated land) haveless ET than perennial trees (here vegetative LULC) (Yan et al.,
2013; Deng et al., 2015; Tekalegn et al., 2017).
3.6. Hydrological impacts of individual land use/land cover changes
The pair-wise association of the five LULC classes and hydrological
components is shown in Table 6. The result indicated that almost all
LULC classes have a strong association with the different hydrological
components. For example, forest has a significant negative correlation
with annual flow, wet season flow, surface runoff and water yield
while its correlation with dry season flow, lateral flow, groundwater
flow and ET are positive (Table 6). In the same pattern, shrubland has
significantly correlated with annual flow (r = −0.980), wet season
flow (r = −0.981), dry season flow (r = 0.983), surface runoff (r =
−0.977), lateral flow (r = 0.981), groundwater flow (r = 0.970),
water yield (r = −0.976) and ET (r = 0.995). Correspondingly, grass-
land has a significant correlation with annual flow (r = −0.988), wet
season flow (r = −0.990), dry season flow (r = 0.995), surface runoff
(r = −0.988), lateral flow (r = 0.945), groundwater flow (r =
0.990), water yield (r=−0.989) and ET (r=0.968). It is also observed
that cultivated land has significantly correlated with annual and wet
season flow (positive), dry season flow (negative), lateral flow (nega-
tive), groundwaterflow (negative) and ET (negative) (Table 6). Howev-
er, built-up area has no significant association with lateral flow and ET
while it has significant correlation with other hydrologic components
(Table 6). The significant correlation of almost all LULC classes with
most studied hydrological components suggests that almost all LULC
classes are very important for the changes in hydrological components.
Significant correlations among hydrological components were also
observed in the study watershed (Table 6). Importantly, the correlation
between annual flow, surface runoff and water yield are perfectly posi-
tive while they are negatively correlated with dry season flow, lateral
flow, groundwater flow and ET. The result has also indicated that the
correlation among dry season flow, lateral flow, groundwater flow
and ET are positively significant. Above all, the significant correlation
among hydrological components supports the general idea that the in-
crement of one hydrological component increases the quantity of
some other components, while reducing the amount of other compo-
nents. Similar to the results observed in this study, an increase in surface
runoff and water yield and a reduction of groundwater flow were also
observed in Olifants basin, South Africa (Gyamfi et al., 2016) and in
the upper San Pedro watershed, Mexico (Nie et al., 2011) between
2000 and 2013 and, the 1973–1992 periods respectively.
A summary of the four PLSRmodels constructed separately are given
in Table 7. In the four PLSRs models such as in PLSR 1 (annual, wet sea-
son and dry season flow), PLSR 2 (surface runoff and water yield), PLSR
3 (lateral flow and groundwater flow) and PLSR 4 (ET), the obtained R2
and Q2cum values are above 0.50, suggesting a good prediction of the
models. For annual, wet season and dry seasonflow, one component ex-
plains the model (98.5% of the variation). Addition of other factors does
not considerably improve the prediction capacity of the model, at the
same time it does not substantially enhance the percent variation ex-
plained by predictors (Table 7). Inclusion of other factors, rather, in-
crease prediction error. The increase of prediction error with the
addition of more predictors suggests that other predictors are not
strongly correlated with the residual of the predicted variables. The
first PLSR model is dominated by cultivated land and built-up area on
the positive side and forest, shrubland and grassland on the negative
side. To distinguish the relative importance of predictors, shrubland
and grassland (VIP N 1.0) has more significance in this model (Table
8). The regression coefficients also express that cultivated and built-up
area influence annual and wet season flow positively while the effects
of forest, shrubland and grassland on these components are negative.
Conversely, the influence of cultivated land and built-up area on dry
season flow is negative and the vegetative LULC affects dry season
flow positively (Table 9).
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the model, which accounts 99.6% of the variations. Adding the third
component does not considerably improve the predictive ability of the
model and percent variation explained by predictors (Table 7). The re-
sult disclosed that changes in surface runoff and water yield were de-
pendent on cultivated land and built-up area (on the positive side)
and forest, shrubland and grassland (on the negative side), from
which shrubland, grassland and built-up area have relatively greater
importance (VIP N 1.0) in this model (Table 8). The regression coeffi-
cients of this model have also provided a similar direction of influences
as discussed above (Table 9). For lateralflow and groundwater (PLSR 3),
a single component has explained the model, which accounts 95.3% of
the variations explained by predictors. Again, adding other predictors
does not noticeably improve model prediction and percent variations
explained by predictors (Table 7). The LULC categories that explain
the variance in lateral flow and groundwater flow on the positive and
negative side are forest, shrubland and grassland, and cultivated land
and built-up area, respectively (Table 8). A similar direction of influence
by predictors on lateral flow and groundwater flow is also expressed by
the regression coefficients (Table 9). The close association of decrease in
lateral flow and groundwater and reduction of vegetation covers, sug-
gest that the reduction of vegetation covers reduced lateral flow and
groundwater flow in the study watershed. In the fourth PLSR model
(ET), the minimum Root Mean PRESS was obtained with three compo-
nents, which explains 99.9% of the variance (Table 7). Among the LULC
classes, cultivated land, shrubland and grassland have greater impor-
tance (VIP N 1) for the small change in it (Table 8). In this model, culti-
vated land, forest, grassland and built-up area have negative regression
coefficients. In contrast, shrubland has a positive regression coefficient
(Table 9).
4. Conclusions
This study clearly indicated the effects of LULC changes on the hy-
drology of the Andassa watershed. The expansions of cultivated and
built-up area and the withdrawing of forest, shrubland and grassland
during the 1985 to 2015 periods had increased the annual and wet sea-
son flow, surface runoff and water yield. In contrast, the LULC changes
had decreased dry season flow, groundwater flow, lateral flow and ET.
The 2030 and 2045 LULC states are expected to further increase the an-
nual and wet season flow, surface runoff and water yield, and reduce
dry season flow, groundwater flow, lateral flow and ET. The effects of
LULC changes on streamflow, surface runoff, groundwater flow, lateral
flowandwater yield are very significant in both the annual andmonthly
average values. Nevertheless, the LULC change effect on ET is very small
especially in the monthly average values. It was found that the changes
in cultivated land, forest, shrubland, grassland and built-up area have
different contribution for the changes in annual and wet season flow,
dry season flow, and to the differentwater balance components. The ex-
pected increase of wet season flow may result flooding, and the reduc-
tion of dry season flow may affect future irrigation practice.
Additionally, the increase of runoff may also have a wider implication
for increasing soil erosion and sedimentation unless the proper man-
agement is not be implemented. Therefore, curving the trends of LULC
towards increasing vegetation covers is very important in order to re-
duce the wet season flow and surface runoff and, increase the dry sea-
son flow, lateral flow and groundwater flow. One way of increasing
vegetation cover in the studywatershed is through changing thewidely
implemented cereal production with fruits. Moreover, proper soil and
water conservation measures are highly necessary.
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